Abstract. 3D face recognition has gained growing attention in the last years, mainly because both the limitations of 2D images and the advances in 3D imaging sensors. This paper proposes a novel approach to perform 3D face matching by using a new metric, called the Surface Interpenetration Measure (SIM). The experimental results include a comparison with a state-of-art work presented in the literature and show that the SIM is very discriminatory as confronted with other metrics. The experiments were performed using two different databases and the obtained results were quite similar, showing the robustness of our approach.
Introduction
Nowadays, the researches in 2D face recognition have reached a significant degree of success but it is well known that some drawbacks still remain [1] . A number of computer vision experts believe that these limitations could be solved by using 3D information. Therefore, 3D face recognition has gained growing attention in the last years. The advances in 3D imaging technology (e.g. Intl. Conf. on 3-D Digital Imaging and Modeling) also have played an important role in this scenario.
Some important but few, disperse contributions regarding 3D face processing were made in early 90's [2, 3, 4, 5] . In the last years, the contributions related to this subject have increased in number and more consistent experimental results have been presented, mostly based on private databases. For a survey of works presented in the literature about 3D face processing the reader should refers to [6] .
Basically, the main approaches for 3D face recognition are based in one or combinations of different techniques, including: image registration by the Iterative Closest Point (ICP) [7] algorithm; Extended Gaussian Image (EGI) [8] ; and Principal Component Analysis (PCA) [9] . Recently, ICP-based techniques have been developed [10, 11] to assess matching quality based on Root Mean Square Error (RMSE). Because the RMSE alone is not discriminatory enough [10] for the purpose, these works combine other information to achieve a final decision about the recognition [10] . EGI-based techniques were more applied in the early 90's and present severe limitations regarding scale [3, 12] . Finally, the PCA family techniques have been extensively used for 2D face recognition but even by adding 3D information they still suffer from facial expression limitations and also there is the "curse of dimensionality". Multi-modal approaches have also applied PCA techniques [13, 14] .
In this work we propose a new metric for the 3D face matching problem, based on the Surface Interpenetration Measure (SIM) [15, 16, 17, 18] . The SIM has proved to be a robust measure for 3D image registration and the experiments presented in this paper shows that it is also suitable for 3D face matching. Even more, the SIM produces a better range for discrimination between faces as compared with other metrics. In order to prove that, we reproduced the metrics presented in [10] and included comparisons against the SIM. Our experiments were performed using two different databases and the obtained results validate the robustness of our approach, which may contribute substantially to this field. This paper is organized as follows. First, we introduce our developed approach by using the Surface Interpenetration Measure (SIM) in section 2. The experimental results by comparing different measures for 3D face matching are presented in section 3, followed by a conclusion in section 4.
Developed Approach Using the SIM
We propose to perform 3D face matching based on our robust range image registration method which combines Genetic Algorithms (GA) and the Surface Interpenetration Measure (SIM) [15, 16, 17, 18 ].
The Surface Interpenetration Measure
The SIM was developed by analyzing visual results of two aligned surfaces, each rendered in a different color, crossing over each other repeatedly in the overlapping area. The interpenetration effect results from the nature of real range data, which presents slightly rough surfaces with small local distortions caused by limitations of the acquiring system [15] . Because of this, even flat surfaces present a "roughness" in range images. With this, we can assume that independently of the surfaces' shapes the interpenetration will always occur. We also observed that two views acquired from the same object surface with the same scanner position and parameters provide two different range images.
By quantifying interpenetration, one can more precisely evaluate registration results and provide a highly robust control. To do this we developed the following measure based on the surface normal vector, computed by a local least squares planar fit, at each point. After the alignment of two images, A and B, we identify the set of interpenetrating points in A with respect to B. For each point p ∈ A we define a neighborhood N p to be a small n × n window centered on p. With q denoting a point in the neighborhood N p , c the corresponding point of p in image B and n c the local surface normal at c, we define the set of interpenetrating points as:
; where q i , q j ∈ N p and i = j. This set comprises those points in A whose neighborhoods include at least one pair of points separated by the local tangent plane, computed at their correspondents in B. With this, we then define the SIM as the fraction of interpenetrating points in A:
Registrations of two views presenting good interpenetration have high SIM's values. Our experimental results show that erroneous alignments produce low SIM's values and that small differences in MSE can yield significant differences in SIM. Furthermore, alignments with high SIM present a very low interpoint distance between the two surfaces. That is, the SIM is a far more sensitive indicator of alignment quality when comparing "reasonable" alignments [16, 18] .
Robust GA-Based Approach for Range Image Registration
The general principle underlying GA is to maintain a population of possible solutions (individuals) encoded in the form of a chromosome (a string of genes) and to submit the population to an evolutionary procedure, until some criteria can be satisfied [19] . In this process GA operators (e.g. crossover, mutation and selection) and a fitness function are used to define the best individuals for each generation. At the end of the evolutionary procedure we have the best individual.
Here the goal of the registration problem is to find through a pose-space search, rather than correspondence-base search of ICP, geometric transformations that can be used to align two views precisely. To perform range image registration using GA it is necessary to define a chromosome encoded as: 6 genes, 3 parameters each of rotation and translation [17] . With this robust GA-based approach driven by the SIM we obtained precise alignments [15, 16, 18] .
In this work we adopted the same strategy as in [16, 18] to align views to allow a precise face matching. However, as shown in section 3, the SIM did not necessarily need our robust GA-based registrations to achieve discriminatory matching results , which can also be obtained from ICP-based registrations. Fig. 1 shows examples of using face views from two different databases: Notre Dame 3D Face Database (NDU) 1 and OSU SAMPL Database (OSUD) 2 . The alignments shown in Figs. 1(c) and 1(i) were obtained using an ICP-based approach (see section 3 for details).
Experimental Results for 3D Face Matching
The main goal of our experiments was to validate the SIM as a novel measure for 3D face matching. For this, we use a number of different faces from two different range image databases. Each pair of views were aligned with with two different approaches (GA and ICP) to show the SIM's improvements and robustness. Also, we compare our measure against the ones proposed in [10] . From our best knowledge, there is no large public database of 3D faces. In our experiments, we used two databases 3 : the Notre Dame 3D Face Database (NDU) and the OSU SAMPL Database (OSU). From the NDU database, we used only the portion of the image that represents the face to obtain precise measures during our experiments. This database includes 200 subjects with different views and all of them were acquired in frontal view and with neutral expression. In our experiments, we selected a set of 2 views from each one of the 5 subjects (A-E), as shown in Fig. 2 . The image dimensions are 640x480, obtained by a Minolta Vivid 900 range scanner (www.minoltausa.com/vivid).
From the OSU database, we selected 6 subjects (A-F) as presented in 
Fig. 3. Faces from the OSU SAMPL Database
Because the range views from both databases were not registered we had to align each pair of views used in our experiments by using two different algorithms: 1) ICP-based approach driven by the RMSE measure used in the Scanalyze Software (graphics.stanford.edu/software); and 2) our robust GAbased approach driven by the SIM as presented in [16, 18, 15] .
With the obtained registrations we reproduced the metrics presented in [10] , which use a combination of RMSE and cross correlation of the shape index vectors [20] as a face matching measure. Also, the registrations were used to compare the SIM against different metrics as presented bellow.
First, from each aligned view pair the region R around eyes and nose (see Fig. 4(a) ) was manually extracted because it is considered rigid, suffering less influence from facial expressions [21] . Then, from each region we selected a set S pts of control points (around 100) equally spaced, as shown in Fig. 4(b) . For both R and Spts we considered only valid corresponding points within the overlap area to compute the metrics as in [10] . The results in applying the approach proposed in [10] on views from both databases are presented in Tables 1 and 2 , respectively. The first two columns of the tables (V1 and V2) represent each aligned pair (e.g. view A0 aligned to A1). M1 represents the global RMSE of the alignment; M2 is cross correlation of the shape index vectors and M3 the face matching measure as proposed by [10] , which is the combination of M2 and the RMSE in region R. The RMSE in the region R can be known by:
As suggested in [22] , a pre-defined threshold δ = 1 should be used to classify correct and incorrect matchings. If M 3 < δ than we have a correct matching, i.e. alignment A0-A1 from Table 1 ; otherwise the aligment represents an incorrect matching, i.e. aligment B0-E1 from Table 1 . However, it is well known that threshold definition is not a trivial process. We observed that in some cases wrong matching occurs (e.g. alignments B0-B1 and B0-B2 from Table 2 ), which are faces from the same subject with neutral expression. Also, because the range between correct and incorrect matchings tends to be lower it is hard to define a good discriminant threshold.
By analysing M3 values we observed that the distance metrics used in this approach fails in detecting correct matchings for faces of a same subject but with different facial expression. For instance in the Table 2 , the M3=1.58 of alignment B0-A1 (distinct subjects) should be higher than the results for the alignment A0-A3 (same subject), which have M3=1.85. In contrast, for the SIM, the difference between correct and incorrect matching values are much higher (for instance alignments C0-C1 and B0-E1 from Table 1 ). Also, the correct matches for two images of the same subject but with different facial expressions have an intermediate value between the correct and incorrect matches, suggesting that our matching measure can deal with changes in facial expressions.
We also performed a number of experiments to evaluate the SIM's results in terms of ICP-based and GA-based alignments. Tables 1 and 2 show the results of the SIM for both approaches: columns S1 and S1g presents the SIM's results in the region R for the ICP-based and GA-based alignments, respectively. From the SIM's equation A and B represent the views V1 and V2, respectively. The columns S2 and S2g present the global SIM values of the alignments. As can be seen, the results generated by the ICP-based approach are quite similar from those obtained by applying our GA-based approach, proving that the applied metric (S1 or M3) is more relevant than the registration technique. From the tables, one can see that for the RMSE values the range between a correct matching (views form the same subject) and an incorrect one (views from different subjects) is very small, although they fit the values specified in [10] .
Conclusion
In this paper we introduce a novel and robust approach for 3D face matching by using the Surface Interpenetration Measure. We observed that the SIM is a reliable, discriminant measure that can deal better with changes in facial expressions as compared with other measures (i.e. M3). Although the SIM's results from our GA-based approach have presented better results, we proved that the SIM, when used as a face matching measure, works even with ICP-based alignments. As a future work we plan to use the SIM to identify face expressions and to develop a robust approach for 3D face identification problem using a larger database.
